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ABSTRACT 
 
Efficient service discovery is a crucial process for Web service utilization. Most existing 
service discovery approaches, based on either functional or non-functional attributes, do not 
address the issues associated with the impact of subjective expectations and preferences on 
service  discovery.  For  example,  duplicated  and  similar  functionalities  existing  among 
services require service consumers to include additional aspects (i.e. content of service) to 
evaluate the services. The service consumers and providers often have different views on 
the content of services. This work attempts to alleviate their differences by proposing a 
multi-agent consensus approach which is based on fuzzy group decision making methods 
and  semantic  web  technologies  in  order  to  assist  service  providers  and  consumers  in 
discovering appropriate services with consideration of their expectations and preferences. 
In addition, a user-friendly tool for constructing agent-based Web service is introduced for 
assistance in representing user's preference and expectations and managing Web services. 
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1. INTRODUCTION 
* 
Web service is gaining significant momentum 
in  software  development.  It  has  created 
unprecedented  opportunities  for  organizations  to 
shorten  software  development  time  by  composing 
existing  services  across  Internet.  Effective 
mechanisms  for  supporting  service  discovery  have 
considerable  contribution  to  the  success  of  Web 
service composition. However, many available Web 
services provide overlapping or identical services in 
terms of functionality. It is inevitable to adopt other 
criteria such as content of services for the selection of 
the appropriate services in a given composite service, 
if appropriate. 
A number of works on service discovery have 
been  carried  out  using  agent  technologies  to  locate 
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the  required  services  and  compose  them  to  meet 
requirements. The agents represent Web services or 
human users to coordinate with each other to achieve 
a  given  goal.  It  provides  dynamic,  flexibility,  and 
concept  of  delegation  to  service  discovery.  Since 
service consumers and providers may have different 
expectations, experiences, and preferences about the 
services, it is important for agents to model these in 
their mental states and to reach the consensus on the 
terms  they  employ  in  the  process  of  service 
discovery. 
In  practice,  consumers’  preferences  often 
remain imprecise, uncertain or ambiguous for some 
service terms, and the preferences over the criteria are 
hard to be quantified especially in distinguishing the 
priority  order  among  these  service  terms  (criteria). 
Therefore,  the  adoption  of  fuzzy  terms  such  as 
reasonable price, reliable service etc. in the requests 
becomes inevitable. C. L. Huang et al.: Applying Semi-Order Preference Model in Content-Based Service Discovery 
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For  example,  a  consumer  might  depict  that 
“two  services  from  different  providers  are  almost 
identical (indifferent)” or “I can not distinguish the 
differences  between  these  two  services”  during  the 
service discovery process, because they did not have 
enough  knowledge  or  information  on  unfamiliar 
criteria.  In  the  situation  where  the  consumers  have 
imprecise  preference,  Pseudo-Order  Preference 
Model (POPM) [18][21] is a more suitable method to 
model the imprecise preference relations between two 
alternatives. 
Moreover, the definitions of fuzzy terms may 
change over the process as the services are situated in 
a  dynamic  environment  and  the  service  consumers 
and  providers  may  evolve  their  expectations  on 
services  and  preferred  criteria  through  their 
experiences.  The  difficulty  of  having  consistent 
definitions  for  the  terms  is  notorious.  This  is 
complicated  by  the  differences  among  their 
preferences  over  the  criteria.  As  a  result,  the 
traditional ontological approach is not suitable, due to 
its  static  nature.  In  this  research,  we  attempt  to 
address these issues by proposing agent-based service 
discovery framework. This framework can deal with 
the consumers’ imprecision preference relations and 
enables service consumers and providers to find an 
appropriate service on their expectations, if there are 
any.  The  aim  of  the  implemented  system  is  to 
improve the success rate for a Web service consumer 
(agent)  in  discovering  the  required  services. 
Consequently,  the  service  provider  (agent)  can 
improve the quality of services. 
The structure of agent and its integration with 
semantic  webs  are  explained  in  Section  3.  The 
following  section  gives  a  brief  overview  on  the 
service discovery agent and its built-in components. 
The descriptions of the fuzzy moderator that enables 
the  service  providers  to  offer  the  required  services 
based  on  consumers’  preferences.  A  resolution 
process for the Group Decision Problems (GDP) to 
alleviate the arbitrary preferences among a group is 
introduced  in  Section  4.  Section  5  elucidates  the 
methods  in  the  service  discovery  agent  with 
examples.  The  implementation  for  the  proposed 
framework  is  described  in  Section  6.  Section  7 
reports  the  results  produced  by  three  different 
methods. Section 8 draws the conclusion and point 
out future work. 
 
2. SEMANTIC WEB 
TECHNOLOGIES AND AGENTS 
 
Agent  is  a  goal-oriented  software  entity.  It 
possesses  a  number  of  properties  such  as 
proactiveness, sociability, autonomy, and reactivity to 
collaborate with other agents in order to achieve their 
common  goals.  Agent  has  mental  states  that  are 
expressed  in  BDI  (Belief,  Desire,  and  Intention). 
Agents are suitable for highly dynamic environments 
and  operate  at  a  conceptual  level,  since  it  adopts 
partial procedure planning method to reason over its 
knowledge  (beliefs)  and  is  able  to  perceive  and 
responds  to  the  environment  that  they  are  situated.   
So,  agents  can  be  designed  as  delegates  to  Web 
service  consumers  and  providers  to  form  a 
community for service discovery. However, there is a 
gap  between  agent  and  Web  service  technologies, 
since Web services lack semantics descriptions to the 
interfaces. 
The  semantic  gap  between  XML-based 
constructs  and  agents  can  be  bridged  by  use  of 
Semantic  Web  technologies,  such  as  OWL-S  [16]. 
The aim of the Semantic Web initiative is to provide 
technologies that will enable heterogeneous systems 
to collaborate in the execution of an activity. For Web 
services description, the introduction of OWL-S is a 
significant factor in matching service providers and 
service  consumers  [16].  OWL-S  is  an  ontology  for 
providing  richer  Web  service  description,  and  has 
three components: 
1.  ServiceProfile: describes what the service does, 
its inputs and outputs and its preconditions and 
effects  (IOPE);  this  is  equivalent  to  UDDI 
content. 
2.  ServiceModel: describes how the service works 
(control and dataflow in its use). This is similar 
to BPEL4WS. 
3.  ServiceGrounding: describes how the service is 
implemented  and  provides  a  mapping  from 
OWL-S to WSDL. 
BDI agents are particularly apt at exploiting the 
semantically  rich  environment  defined  by  OWL-S 
ontologies [19]. These agents hold beliefs (B), have 
goals  (D)  and  use  Intentions  /  plans  (I)  to  achieve 
their  goals.  An  agent  can  be  generated  from  an 
OWL-S  structure.  The  ServiceProfile  in  OWL-S 
maps to an agent’s beliefs (B). The ServiceModel is 
mapped to a set of intentions associated with plans 
(I). Preconditions and effects from the ServiceProfile 
will translate into conditions and effects for the BDI 
plan.  The  desire  (D)  is  specified  by  additional 
functionality in conjunction with the specification of 
the ServiceProfile. In essence, the ServiceProfile and 
the ServiceModel in OWL-S provide the semantics, 
while the Service Grounding is used to generate the 
interface signatures. 
 
3. SERVICE DISCOVERY AGENT 
 
The aim of the proposed Web service discovery 
architecture  is  to  provide  an  environment  for  the 
service  providers  and  consumers  to  represent  their 
requests  or  services  in  a  way  that  can  be 
automatically interpreted by computer systems.    The 
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with  less  subjective  by  considering  service 
consumers’ expectations and preferences. As a result, 
the  service  consumers  have  better  likelihoods  to 
locate their required services. In order to achieve this, 
three  types  of  agents,  Service  Consumer  Agent 
(SCA),  Service  Provider  Agent  (SPA)  and  Service 
Discovery  Agent  (SDA),  are  designed  in  this 
proposed architecture. SDA acts as a broker, which 
facilitates the service matchmaking between SCA and 
SPA.  The  SDA  includes  a  number  of  components 
such  as  fuzzy  classifier,  fuzzy  engine,  UDDI, 
OWL-S, OWL, a fuzzy converter and a moderator. 
A fuzzy classifier in the SDA contains essential 
predefined knowledge for interpreting and classifying 
the information residing in  Web services which are 
represented by SPAs. The output of the classification 
is the advertisement of contents of services which are 
expressed as a number of fuzzy terms and rules such 
as primitive and composite fuzzy terms, modifier and 
quantification fuzzy terms, and fuzzy rules. 
The  agent  advertises  its  services  via  UDDI. 
However,  the  information  modeled  in  UDDI  is  not 
sufficient  for  reasoning,  due  to  the  lacks  of 
well-defined  meanings.  This  requires  semantic  web 
technologies,  OWL  and  OWL-S,  to  support  UDDI 
complementarily to gain semantic representations for 
the  services.  The  mappings  between  UDDI  and 
OWL-S  developed  by  [17]  enable  them  to  work 
seamlessly  together  for  reasoning  and  identify  the 
required services. 
SDA include a fuzzy converter that can convert 
crisp  requests  from  SCA  into  fuzzy  requests.  The 
transformation of the crisp terms to fuzzy terms for 
the  use  of  approximate  reasoning  is  an  essential 
function,  as  the  contents  of  services  have  been 
represented in fuzzy terms. The detailed descriptions 
on the fuzzy discovery method can be found in our 
previous work [2]. 
The fuzzy moderator is a mechanism to assist 
the  SCAs  and  SPAs  in  reaching  consensus  on  the 
definitions of terms they use and the preferences over 
the selection criteria. Since SCA and SPA have their 
own  mental  states,  they  intend  to  possess  different 
opinions  and  preference  on  the  services  they  are 
about to consume or provide. The fuzzy moderator is 
able  to  incorporate  iteratively  agents’  subjective 
opinions and preferences and transform them to less 
subjective  ones.  In  principle,  the  more  feedbacks 
from  agents,  the  less  subjective.  The  consensus 
protocol is built upon a majority vote. In other words, 
the  opinions  and  preference,  on  which  most  or 
majority  of  agents  agree  in  the  group,  will  be 
acceptable to the other members. 
The  fuzzy  moderator  includes  two  main 
sub-components: the Similarity Aggregation Method 
(SAM) [9,12] and the Advanced Resolution Method 
for  Group  Decision  Problems  (Advanced  RMGDP) 
[3,4,5,7,8,18,20,21].  In  the  moderation  process,  the 
SAM will be employed to gain the consensus on the 
definitions of terms and the Advanced RMGDP will 
obtain the group preferences on the criteria. 
The  adoption  of  the  Similarity  Aggregation 
Method (SAM) is to resolve different opinions among 
service  consumer  and  provider  agents.  SAM  is  the 
method  that  can  aggregate  different  agents’  fuzzy 
opinions to reach a group fuzzy consensus opinion. 
The  method  employs  the  similarity  measure  to 
calculate the difference between one individual with 
the  others  within  the  group  in  order  to  obtain  the 
index of consensus. The index of consensus for each 
individual can be collected as a set and calculated to 
form an agreement matrix among the group. With the 
use of this method, the definitions of fuzzy terms can 
be consistent. 
The Ordinary RMGDP process in our previous 
work  [11]  assumed  that  user  preferences  between 
various criteria are collected by a popular method – 
“Preference  Ordering  /  PO”.    PO  can  be  used  to 
gather the ordering between different criteria but PO 
cannot distinguish the imprecise favorite degree (or 
distance) between 2 adjacent criteria. It is assumed 
that  preference  ordering  over  the  criteria  is  precise 
and  the  order  of  alternatives  based  on  group 
preferences  is  complete.  However,  for  the  cases  in 
linguistic service discovery, it is hard to quantify the 
indifferent or indistinguishable preference degree for 
some criteria (e.g., cheap or comfortable) due to the 
differences among individuals. 
This paper also extends our previous work to 
model  the  consumers’  imprecise  preferences  by 
applying  the  POPM  process  before  the  Ordinary 
RMGDP process for service discovery problems. In 
the Advanced RMGDP process, the performance of 
each  criterion  for  an  alternative  is  described  as  a 
linguistic  term  such  as  “good”,  “moderate”  and 
“poor”.  A  pair  of  alternatives  for  each  criterion  is 
compared  with  a  fuzzy  preference  relation.  The 
POPM can model the imprecise preference structure 
with  the  fuzzy  preference  relations  based  on  the 
degree  of  richness  of  service  information.  More 
detailed information about the Advanced RMGDP is 
described in the next section. 
 
4. ADVANCED RESOLUTION 
METHOD FOR GROUP 
DECISION PROBLEMS 
 
The  Advanced  RMGDP  is  composed  of  the 
POPM  and  Ordinary  RMGDP.  The  POPM  will  be 
initiated. The POPM can help BDI agents to collect 
consumers’ preferences in an manner which does not 
enforce  consumers  to  express  their  preference  for 
alternatives in complete order. This would facilitate 
the agent to find the most important alternative (or 
the  top-N  alternatives)  in  numerous  service  terms C. L. Huang et al.: Applying Semi-Order Preference Model in Content-Based Service Discovery 
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(criteria),  or  when  consumers’  preferences  remain 
imprecise, uncertain and ambiguous. 
Once the top-N alternatives are produced, the 
Ordinary  RMGDP  can  be  adopted  to  resolve  the 
group  difference  on  the  particular  alternatives 
[3,4,5,7,8]. The steps for the POPM and the Ordinary 
RMGDP are detailed in Section 4.1 and Section 4.2. 
 
4.1 The Pseudo-Order Preference Model (POPM) 
First, a set of agents  k d   (k=1,..,m) have to be 
formed as a group. Each agent has to evaluate a set of 
alternatives  A  =  { i a |  i=1,…,n},  and  then  assign 
relative  ordering  preference  to  the  alternatives 
) , (
k
j
k
i o o .  ) , (
k
j
k
i o o P denotes the value that the agent 
k d allocates to the ordering preference of alternative 
i a   over  alternative  j a   based  on  their  own 
preferences and subjective judgments. 
There  are  three  fundamental  preference 
relations existing in the classical preference structure. 
These  relations  are:  (1)  Strict  preference  (P),  (2) 
Weak  preference  (Q)  and  (3)  Indifference  (I),  and 
they are applied to represent an imprecise preference 
relation, based on the richness of service information. 
P,  Q,  and  I  describe  the  imprecise  ordering 
preference  degree  between  alternative  i a   and  j a  
expressed by  k d   as follows [18,20]: 
 
Strict preference relation: 
p o o P o o P
k
i
k
j
k
j
k
i > − ) , ( ) , (   (1) 
Weak preference relation: 
p o o P o o P q
k
i
k
j
k
j
k
i ≤ − < ) , ( ) , (   (2) 
Indifference relation: 
q o o P o o P
k
i
k
j
k
j
k
i ≤ − | ) , ( ) , ( | ,  (3) 
 
where  the  preference  threshold  p  and  indifference 
threshold  q  are  defined  to  distinguish  strict 
preference,  weak  preference,  and  indifference 
relations. When the difference between 
k
i o   and 
k
j o  
exceed  p,  it  indicates  that  the  agent  strictly  prefers 
k
i o   to 
k
j o . Similarly, if the difference between 
k
i o  
and 
k
j o   is smaller than q, it means that 
k
i o and 
k
j o  
are regarded as no major difference between them. 
The  POPM  follows  the  classical  preference 
structure, which is described above, and has a special 
case  called  Semi-Order  Preference  Model  (SOPM) 
that is adopted to reach the consensus among a group 
of  agents.  The  SOPM  is  applied  only  when 
consumers’  preferences  remain  imprecise,  uncertain 
or  ambiguous.  The  SOPM  could  help  consumer 
agents to identify the most important alternative (or 
the  top-N  alternatives)  in  numerous  service  terms 
(criteria) and filter out those that are insignificant. 
The SOPM, the special case when 0 , 0 ≠ = q p , 
is  applied  to  gain  the  nondominance  set  of 
alternatives  when  the  relative  importance  of  each 
agent  is  predictable  [20].  In  this  cases,  the  weak 
preference  relation  is  neglected,  and  only  the 
indifference  threshold  is  employed  to  discriminate 
between the preference and the indifference relation.   
The  relations  between  2  alternatives  for  a  specific 
agent  k d are shown as follows: 
 
i a ∀   and  A a j ∈ ,   
Preference relation: 
q o o P o o P
k
i
k
j
k
j
k
i > − ) , ( ) , (   (4) 
Indifference relation: 
q o o P o o P
k
i
k
j
k
j
k
i ≤ − | ) , ( ) , ( | ,  (5) 
 
where  indifference  threshold  q  are  defined  to 
distinguish the preference degree between  i a and  j a . 
According  to  the  results  derived  from  Eqs. 
(4),(5), the collective preference ( c
ij P ) for the set of 
agents  k d   (k=1,..,m)  can  be  aggregated  by  the 
weighted sum of  ) , (
k
j
k
i o o P , as shown in Eq. (6). 
 
), , (
1
k
j
k
i
m
k
k
c
ij o o P w P ⋅ = ∑
=
, 1
1
= ∑
=
m
k
k w   (6) 
 
Since  it  is  difficult  to  reach  a  full  consensus 
while aggregating, soft-consensus [8] is adopted for 
determining  the  group  preference.  The  weighting 
vector k w can be computed by the OWA operator [22]. 
After  the  computation  of c
ij P ,  the  Outranking 
and Incomparability relations for the set of agents can 
be determined by the following Eqs. [21]: 
 
Outranking relation:  q P P
c
ji
c
ij > − ,  (7) 
Incomparability relation:  q P P
c
ji
c
ij ≤ − | |   (8) 
 
According  to  outranking  relation  and 
incomparability  relation,  the  consensual  preference 
order of alternatives can be identified. It is based on 
the  relative  importance  of  criteria  for  service 
discovery,  which  can  assist  the  fuzzy  moderator  to 
screen insignificant criteria in the evaluation process. 
Once  the  top-N  alternatives  are  obtained, 
consumer agents could then indicate their preferences 
in the Ordinary RMGDP, detailed in Section 4.2, for 
gathering the quantified consensus weights for these 
important  alternatives.  (This  step  can  be  skipped 
when  the  consumers  are  confident  with  their 
preferences.) 
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4.2  Ordinary  Resolution  Method  for  Group 
Decision Problems 
The  Ordinary  Resolution  Process  for  Group 
Decision Problems is adopted when consumer agents 
could gather sufficient information for limited criteria 
and  are  able  to  express  their  preference 
unambiguously. It can be divided into three steps as 
following:  (1)  transformation  process,  i.e.,  to 
transform  the  individuals’  opinions  into  preference 
values; (2) aggregation process, i.e., to aggregate the 
individual preference values for obtaining the group 
preference  for  all  decision  makers,  and  (3) 
exploitation process, i.e., to compute the ranking of 
the alternatives by group preference. 
 
4.2.1 Transformation Process 
A transfer function is applied to convert those 
individual  ordering  of  alternatives  to  a  preference 
relation,  k
ij p   which  characterizes  the  ordering 
preference  degree  between  alternative  i a   and  j a  
expressed by agent  k d   as follows: 
 
)
1 1
1 (
2
1
) , (
−
−
−
+ = =
n
o
n
o
o o f p
k
i
k
j k
j
k
i
k
ij
, 
(9) 
 
where  k
ij p   is a preference relation which denotes that 
the agent 
k d   has a subjective ordering preference of 
the alternative  i a   over alternative  j a   . In addition, 
n is the  number of alternatives. The transformation 
function  f  must  satisfy  that  the  more 
k
j o   the  more 
k
ij p , and the less 
k
i o   the more 
k
ij p , since the lower 
ordering number represents that the user satisfies the 
alternative, and vice versa. 
 
4.2.2 Aggregation Process 
The  collective  preference 
c
ij p   is  an 
aggregation  of  the  users’  ordering  preferences 
} ,..., {
1 m
ij ij p p   (m is the number of users), by means 
of a fuzzy majority [5]. A fuzzy majority is obtained 
by  combining  the  OWA  operator  with  a  fuzzy 
quantifier. The merging of the OWA operator and the 
fuzzy  quantifier  Q  specifies  the  collective  ordering 
preference on each alternative as 
 
∑
=
= =
m
k
k k
m
ij ij Q
c
ij b w p p F p
1
1 . ) ,..., ( ,  (10) 
 
where  ) / ) 1 (( ) / ( m i Q m i Q wk − − = ,  and  k b   is  the 
k-th largest value in the collection ( m
ij ij p p ,...,
1 ).  Q F   is 
the OWA operator combining the fuzzy quantifier Q 
to aggregate the individual preference values and to 
obtain the collective ordering preference of all users. 
4.2.3 Exploitation Process 
The  exploitation  process  is  a  consequence  of 
identifying  the  priority  of  alternatives  of  group 
preference. In this process, we use two well-known 
fuzzy  ranking  methods  -  Quantifier  guided 
Non-Dominance  Degree  (QGNDD)  and  Quantifier 
guided  Dominance  Degree  (QGDD)  [15]. 
Nondominance degree ( NDD u ) and dominance degree 
( DD u )  are  used  for  determining  the  quantified 
consensus weights. 
 
4.2.3.1 Quantifier Guided Non-Dominance Degree 
Orlovsky (1978) [15] developed a method for 
fuzzy ranking by means of fuzzy preference relations. 
The method determines the relative preference degree 
of alternatives. The Non-Dominance Degree (NDD) 
of fuzzy ranking can be calculated for an individual 
preference relation, and is formulated as follows: 
 
} 0 , max{ 1
c
ij
c
ji NDD p p u − − =   (11) 
 
From  Eq.  (11),  the  membership  function 
) ( j NDD a u can be interpreted as the degree to which 
j a   is  not  dominated  by  any  others  ) ,..., 1 ( n j aj =  
where n is the number of alternatives. The function 
) ( i NDD a u   is  able  to  find  the  highest  ranking  of 
alternatives. One criterion with highest value of NDD 
indicates  that  it  not  dominated  by  the  remaining 
criteria. For a linguistic quantifier Q (e.g. “most”), the 
NDD of the linguistic quantifier is denoted Quantifier 
Guided Non-Dominance Degree (QGNDD) as 
 
∑
=
= ≠ = − =
n
i
i i
s
ji Q i b w i j n j d F a QGNDD
1
. ) , ... 1 , 1 ( ) (   (12) 
 
where } 0 , max{
c
ij
c
ji
s
ji p p d − = , ) / ) 1 (( ) / ( n i Q n i Q wi − − = , 
and i b is  the  i-th  largest  value  in  the  collection 
( i j n j d
s
ji ≠ = − , .. 1 , 1 ). 
We recognize that the solution offered by Eq. 
(12)  is  that  the  fuzzy  majority  of  the  remaining 
alternatives  ) ,..., 1 ( n j aj =   does  not  dominate  the 
alternative  i a . All the ordering preferences on the 
alternatives can be calculated  by the application of 
Eq. (12) to prioritise their order. 
 
4.2.3.2 Quantifier Guided Dominance Degree 
QGNDD  cannot  discriminate  between  the 
ordering  of  preferences,  when  NDD u of  numerous 
alternatives  are  Unfuzzy  Nondominated  (UND) 
solutions [15], i.e.,  1 ) ( = j NDD a u . For instance, UND 
occurs when  8 . 0 ) ( ≥ i NDD a u , derived from Eq. (12), 
represents  the  “most”  quantifier.  Additionally,  in 
order  to  avoid  simultaneous  existences  of  UND C. L. Huang et al.: Applying Semi-Order Preference Model in Content-Based Service Discovery 
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solutions,  the  resulting  fuzzy  ordering  needs  to  be 
validated  by  other  fuzzy  ranking  methods,  i.e. 
Quantifier  Guided  Dominance  Degree  (QGDD). 
According to [8], the Quantifier Guided Dominance 
Degree  (QGDD),  defined  in  Eq.  (13),  can  quantify 
the ordering preference dominance that 
i a  has over 
all others where j a (j=1,…,n) using the fuzzy majority 
concept. As a result, it is able to prioritize the final 
collective ordering preference. Therefore, the QGDD 
is used to validate the fuzzy preference ordering of 
alternatives derived from Eq.(13) as follows: 
 
) , ... 1 , ( ) ( j i n j p F a QGDD
c
ij Q i ≠ = =   (13) 
 
where ∑
=
=
n
i
i i n Q b w a a a F
1
2 1 . ) ,..., , ( , ) / ) 1 (( ) / ( n i Q n i Q wi − − = , 
and  i b   is  the  i-th  largest  value  in  the  collection 
(
n a a a ,..., , 2 1 ). If the “UND” solutions have occurred, 
then  we  make  the  final  preference  ranking  of  each 
alternative using the results of QGDD. 
 
5. AN EXAMPLE 
 
In  the  example  for  finding  an  appropriate 
flight-booking service, a group of participating agents 
including  service  consumers  and  providers  are 
formed.  The  agents  have  their  different  subjective 
opinions on the definition of the index on satisfaction. 
In  this  example,  six  satisfaction  criteria  for  - 
cheap( 1 a ),  multimedia  equipment( 2 a ),  food( 3 a ), 
airtime( 4 a ),  seatsize( 5 a ),  and  flight  service  of 
crew( 6 a )  are  employed  to  evaluate  the  satisfaction 
degree  of  consumers.  First,  we  use  the  POPM  to 
prioritize  the  order  of  various  service  terms  for 
identifying  the  relative  important  criteria  (top-3) 
accepted by four consumers in order to filter out the 
rest three insignificants. For each consumer, his / her 
preference ordering 
k O is assumed to be provided by 
fuzzy preference relation (
k
ij p ) as follows: 
 




















=
500 . 0 400 . 0 200 . 0 700 . 0 600 . 0 300 . 0
600 . 0 500 . 0 300 . 0 800 . 0 700 . 0 400 . 0
800 . 0 700 . 0 500 . 0 000 . 1 900 . 0 600 . 0
300 . 0 200 . 0 000 . 0 500 . 0 400 . 0 100 . 0
400 . 0 300 . 0 100 . 0 600 . 0 500 . 0 200 . 0
700 . 0 600 . 0 400 . 0 900 . 0 800 . 0 500 . 0
1
ij p
, 




















=
500 . 0 200 . 0 100 . 0 400 . 0 300 . 0 000 . 0
800 . 0 500 . 0 400 . 0 700 . 0 600 . 0 300 . 0
900 . 0 600 . 0 500 . 0 800 . 0 700 . 0 400 . 0
600 . 0 300 . 0 200 . 0 500 . 0 400 . 0 100 . 0
700 . 0 400 . 0 300 . 0 600 . 0 500 . 0 200 . 0
000 . 1 700 . 0 600 . 0 900 . 0 800 . 0 500 . 0
2
ij p
, 




















=
50 . 0 200 . 0 100 . 0 300 . 0 400 . 0 000 . 0
800 . 0 500 . 0 600 . 0 600 . 0 700 . 0 300 . 0
900 . 0 400 . 0 500 . 0 700 . 0 800 . 0 400 . 0
700 . 0 400 . 0 300 . 0 500 . 0 600 . 0 200 . 0
600 . 0 300 . 0 200 . 0 400 . 0 500 . 0 100 . 0
000 . 1 700 . 0 600 . 0 800 . 0 900 . 0 50 . 0
3
ij p
, 




















=
500 . 0 200 . 0 100 . 0 600 . 0 400 . 0 300 . 0
800 . 0 500 . 0 600 . 0 900 . 0 700 . 0 600 . 0
900 . 0 400 . 0 500 . 0 000 . 1 800 . 0 700 . 0
400 . 0 100 . 0 000 . 0 500 . 0 300 . 0 200 . 0
600 . 0 300 . 0 200 . 0 700 . 0 500 . 0 400 . 0
700 . 0 400 . 0 300 . 0 800 . 0 600 . 0 50 . 0
4
ij p
. 
 
Each  consumer  agent  possess  a  fuzzy 
preference relation and all fuzzy preference relations 
can  be  aggregated  to  calculate  the  collective 
preference  relation  (
c
ij p )  by  Eq.  (10).  In  this  case, 
linguistic  quantifier  ‘most’  with  pair  [0.3,  0.8]  is 
applied to conclude that “most of consumers agree to 
six satisfaction criteria for the flight-booking service 
discovery”.  The  corresponding  OWA  operator  with 
the weighting vector will be w = (0.00, 0.40, 0.50, 
0.10), and 
c
ij p   is as follows: 
 




















=
500 . 0 200 . 0 100 . 0 470 . 0 390 . 0 120 . 0
780 . 0 500 . 0 470 . 0 730 . 0 690 . 0 340 . 0
890 . 0 480 . 0 500 . 0 870 . 0 790 . 0 480 . 0
470 . 0 230 . 0 080 . 0 500 . 0 390 . 0 140 . 0
580 . 0 300 . 0 190 . 0 580 . 0 500 . 0 190 . 0
820 . 0 620 . 0 470 . 0 840 . 0 780 . 0 50 . 0
c
ij p
. 
 
By applying various threshold (q=0.1~0.9) and 
Eqs. (7),(8), we have the distinct preference order for 
six satisfaction criteria, as shown in Table 1. Finally, 
the preference order for six terms is determined by 
common indifference threshold (q=0.2) [20]. That is 
{cheap( 1 a ),  airtime( 4 a )}  >  {seatsize  ( 5 a )}  > 
{multimedia equipment( 2 a ), food( 3 a ), flight service 
of crew( 6 a )}. 
According  to  Table  1,  the  top-3  alternatives 
( 1 a , 4 a , 5 a )  are  selected  to  be  the  primitive  terms 
which are used in fuzzy moderator for calculating the 
consensus weights.    These 3 primitive terms will be 
denoted  as  cheap(C
~),  airtime(T ~),  and  seatsize(S
~
) 
for  distinction.  Four  consumer  agents  should  bring 54  International Journal of Electronic Business Management, Vol. 5, No. 1 (2007) 
 
themselves into an agreement over the definition of 
these three primitive terms (C
~,T ~,S
~
). For instance, 
the term, cheap, was defined by the service provider 
as  ) 16500 , 14500 , 0 , 0 (
~
= init C , but 4 service consumers 
have  different  views  on  this  definition  which  is 
shown in Figure 1 and formulated as following fuzzy 
sets. 
 
 
Table 1: Preference order of satisfaction index with 
respect to various threshold 
Indifference 
Threshold 
Preference Order 
q=0.1  } , { } { } { } , { 6 3 2 5 4 1 a a a a a a > > >  
q=0.2  } , , { } { } , { 6 3 2 5 4 1 a a a a a a > >  
q=0.3  } , , { } , , { 6 3 2 5 4 1 a a a a a a >  
q=0.4  } , , { } , , { 6 3 2 5 4 1 a a a a a a >  
q=0.5  } , , { } , , { 6 3 2 5 4 1 a a a a a a >  
q=0.6  } , { } , , , { 6 3 2 5 4 1 a a a a a a >  
q=0.7  } , { } , , , { 6 3 2 5 4 1 a a a a a a >  
q=0.8  } , , , , , { 6 3 2 5 4 1 a a a a a a  
q=0.9  } , , , , , { 6 3 2 5 4 1 a a a a a a  
 
In  the  following,  Similarity  Aggregation 
Method (SAM) is applied to calculate the consensus 
value  for  cheap(C
~),  airtime(T ~ ),  and  seatsize( S
~
). 
After  the  application  of  SAM  [10],  the  initial 
subjective  value,  ) 16500 , 14500 , 0 , 0 (
~
= init C ,  which 
was given for the fuzzy engine to carry out reasoning 
have been modified as ) 14925.007 , 13314.333 , 0 , 0 ( ~
C . 
Once  the  new  consensus  on  the  definition  of  the 
terms  is  reached,  the  agents  update  their  beliefs 
accordingly. The same principle is applicable to other 
primitive  fuzzy  terms  such  as  airtime( T ~ ),  and 
seatsize(S
~
).   
 
0
//
14,500 16,500
|
NTD($)
1
x
µ cheap ) (X
15,500
16,000
| | | |
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Figure 1: Four different fuzzy sets for cheap 
 
When the preference order and consensus value 
of three satisfaction criteria have been resolved, the 
agents  are  able  to  adopt  the  Ordinary  RMGDP 
method to carry out transformation, aggregation, and 
exploitation processes in order to reach consensus on 
composite terms. 
 
Table 2: QGDD, QGNDD and consensus weightings 
for alternatives 
1 a  
(cheap) 
4 a  
(airtime) 
5 a  
(seatsize) 
QGDD for 
Alternatives 
0.5938  0.5000  0.4063 
1 a  
(cheap) 
4 a  
(airtime) 
5 a  
(seatsize) 
QGNDD for 
Alternatives 
1.000  0.9375  0.8125 
1 wa  
(cheap) 
4 wa  
(airtime) 
5 wa  
(seatsize) 
Consensus 
Weights for 
Alternatives 
from QGDD  0.3959  0.3333  0.2708 
1 wa  
(cheap) 
4 wa  
(airtime) 
5 wa  
(seatsize) 
Consensus 
Weights for 
Alternatives 
from QGNDD  0.3636  0.3409  0.2955 
 
In the exploitation process, the derived value of 
QGDD  and  QGNDD  are  used  to  determine  the 
complete  order  and  weighting  for  each  alternative. 
The complete order of service criteria is the same as 
preference  order  of  service  criteria.  The  consensus 
weightings,  as  shown  in  Table  2,  for  alternatives 
derived from QGDD and QGNDD are formulated as 
} 333 0.2708,0.3 , 0.3959 { = W and } 409 0.2955,0.3 , 0.3636 { = W
, that is the consensus weighting for QoS term: cheap 
and its value is 0.3959 when consensus weights from 
QGDD is adopted. The QoS term: satisfaction can be 
moderated as  Q ~  = 0.3959 ×  C ~    + 0.3333 ×  T ~  + 
0.2708  ×  S ~   accordingly.  C ~ ,  T ~ ,  and  S ~   are 
denoted as cheap, seatsize, and airtime respectively. 
 
6. IMPLEMENTATION ISSUES 
 
The  implementation  of  the  proposed 
architecture can be generally classified into two parts: 
an  agent  development  environment  [1,13]  and  the 
moderated  fuzzy  consensus  mechanism.  However 
they are integrated.   
Service  Consumer  Agent  (SCA)  and  Service 
Provider  Agent  (SPA)  are  the  delegates  of  Web 
service or users, the preferences and expectations are 
modelled with their mental states. The mental states 
can  be  modified  through  the  conclusion  generated 
from  the  process  of  moderated  fuzzy  consensus 
mechanism which is resided in the Service Discovery 
Agent (SDA). The Web services they represented are 
implemented  via  JAXRPC  and  their  associated 
database  systems  are  designed  in  MS  Access.  So, 
agents  use  Java  classes  as  the  instrument  to  gain 
access to the services. C. L. Huang et al.: Applying Semi-Order Preference Model in Content-Based Service Discovery 
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SDA  contains  the  moderated  fuzzy  consensus 
mechanism which includes a set of fuzzy rules and 
fuzzy  terms.  The  definitions  of  terms,  which  are 
agreed  among  the  participating  parties  called 
ontologies,  are  defined  through  Protégé  and 
represented via OWL. OWLJESSKB, which is able 
to interpret OWL syntax, is used for reasoning. Extra 
functionalities are added to OWLJESSKB in order to 
reason about fuzzy rules and sets. 
 
 
Figure 2: Service-oriented agent studio 
 
 
Figure 3: OWL-S grounding profile 
 
In  order  to  facilitate  system  developers  to 
generate  the  required  functions,  we  have 
implemented a system called SOA (Service-Oriented 
Agent)  1.2  studio.    It  includes  a  template  for 
creating  agents  and  their  coordination  and 
communication  protocols.  Since  the  SOA  studio  is 
designed in a generic way, the built-in coordination 
protocols  include  different  auction  methods  and  a 
contract  net  protocol.  In  this  case,  SDA  adopts 
English auction  method to invite the bids  from the 
service providers. 
An  interface  for  the  system  was  designed  so 
that  the  users  can  describe  the  semantics  of  Web 
services and can incorporate OWL-S descriptions. A 
set of Java classes are designed in order to map the 
OWL-S descriptions to the Web service WSDL. So, 
the system can automatically generate a set of Java 
code  for  agents  to  employ  the  underlying  Web 
services consistently. 
Agent  technology  relies  on  JADE  agent  for 
reasoning and communication, and OWLJESSKB for 
the reasoning capability over OWL-S profiles in the 
agents.  Once  the  required  information  is  specified, 
the studio allows the generation and compilation of 
code  to  take  place  in  the  same  environment.  The 
studio  offers  a  seamless  combination  of  design 
environment and run-time environment. 
Figure 2 shows a form provided by the SOA 
which  enables  users  to  enter  the  Service  Profile 
information  in  the  OWL-S.  On  completing  the 
ServiceGrounding profile as shown in Figure 3, the 
users can store it as a project, generate the essential 
java code, compile it and run the resulting program. 
SOA  creates  the  agents  and  deploys  them 
automatically, as shown in Figure 4. 
 
 
Figure 4: Participating agents 
 
7. EXPERIMENTAL RESULTS 
 
A  case  study  with  four  different  service 
consumers  and  ten  airline  service  providers  was 
adopted to evaluate three different  methods namely 
Capability  Discovery  Method  (CDM),  Fuzzy 
Discovery  Method  (FDM),  and  Agent-Based 
Moderated Fuzzy Discovery Method (MFDM). Three 
different  sets  of  experiments  were  carried  out  and 
each set contain 10 experiments in order to gain their 
average precision rates for the examination of their 
overall  performances.  34  fuzzy  terms  such  as  very 
cheap,  most  available,  comfortable  etc  and  their 
associated rules between Web service providers and 
consumers were designed to represent their requests 56  International Journal of Electronic Business Management, Vol. 5, No. 1 (2007) 
 
and underlying data repositories for the use of fuzzy 
and moderated fuzzy discovery methods. 
In  the  first  set  of  experiments,  we  only  use 
CDM without involving FDM. The CDM suggests all 
the Web services (10) to the consumers, since they 
satisfy  the  requirements  in  terms  of  capability 
constraints. So, the Web service consumers have to 
interrogate  the  data  repositories  to  discover  the 
required  service.  In  one  instance,  the  service 
consumer 1’s fuzzy set for cheap is ( ) , , , (
~
1 1 1 1 1 d c b a C =(0, 
0, 13500, 16500)). It means that consumer 1 has a 
subjective opinion on cheap flight which is between 0 
and  16500.  ) , , , (
~
1 1 1 1 1 d c b a S =  (1.5,  2,  2.5,  2.5)  and 
) , , , (
~
1 1 1 1 1 d c b a T = (0, 0, 2.5, 2.5) are the consumer 1’s 
subjective opinion on seatsize and airtime. There are 
only 5 airline Web services that can meet consumer 
1’s requirement. So the precision rate is 50% (5 / 10 = 
0.5). In the same round, the service consumers 2, 3 
and  4  obtain  different  precisions  0.3,  0.7,  and  0.1 
respectively. 
We use the FDM with the same case study to 
carry out the next set of experiments. The FDM was 
deployed after the service providers have conducted 
fuzzy  classification  on  the  data.  In  one  of 
experiments, the FDM only recommends 6 possible 
satisfactory  Web  services.  The  consumer  2  has  a 
inference  rule  for  QoS  term 
satisfaction( ) , , , (
~
2 2 2 2 2 d c b a C   =(  0,  0,  14500,  14500)), 
) , , , (
~
2 2 2 2 2 d c b a S =(  1,  1,  2,  2),  ) , , , (
~
2 2 2 2 2 d c b a T =(  0,  0, 
2.5,  3.5))  such  that  its  subjective  cheap  price  sits 
between 0 and 14500 dollars, seatsize lies between 1 
and 2 units, and airtime sits between 0 to 3.5 hours. 
So,  only  2  airline  Web  services  can  satisfy  its 
requirement.  For  the  service  consumer  2,  the 
precision rate is 33.3% ( 2/6=0.333). In addition, the 
consumers  1,  3,  and  4  gained  83.3%,  83.3%,  and 
16.7% respectively for the precision rates. 
For  the  last  set  of  experiments,  we  used  the 
SAM and Advanced RMGDP methods in the MFDM 
to  aggregate  the  group  consensus  on  QoS  term: 
satisfaction to produce less subjective inference rules. 
With  the  new  derived  inference  rules,  the  fuzzy 
classifier was able to gain new fuzzy values for QoS 
term: satisfaction and then MFDM only suggested 3 
possible satisfactory Web services. 
For  instance,  the  consumer  3  has  inference 
rules for QoS term: satisfaction (  ) , , , (
~
3 3 3 3 3 d c b a C = ( 0, 
0,  14000,  15500), ) , , , (
~
3 3 3 3 3 d c b a S =(  0.8,  1,  2,  3), 
) , , , (
~
3 3 3 3 3 d c b a T   =(  0,  0,  1.8,  2.8))  such  that  its 
subjective  cheap  price  sits  between  0  and  15500 
dollars,  seatsize  lies  between  0.8  and  3  units,  and 
airtime sits between 0 to 2.8 hours. So, only 3 airline 
Web  services  can  satisfy  service  consumer  3’ 
subjective  opinion.  However,  the  precision  rate  has 
increased to 100% ( 3/3=1), due to the contribution of 
moderation.  The  consumers  1,  2,  and  4  have  their 
precision rates 100%, 66.7%, and 33.3% respectively. 
 
 
Figure 5: Average precision rates for CDM, FDM and 
MFDM 
 
After 30 experiments have been carried and the 
result of each experiment was recorded, each user’s 
satisfactory rates to the recommended services were 
classified  and  averaged  according  to  three  different 
methods for the investigation of their precision rates. 
Fig. 5 shows that the MFDM with 75% precision rate 
has the best performance. FDM has produced correct 
recommendations  just  about  over  than  half.  CDM 
only has 40% precision rate. We can conclude that the 
proposed MFDM has outperformed the FDM and the 
FDM  has  produced  better  precision  rate  than  the 
CDM. The MFDM has performed nearly twice better 
than the CDM in terms of precision rate in this case. 
 
8. EXPERIMENTAL RESULTS 
 
The  main  contribution  of  this  work  is  that  it 
presents  a  moderated  fuzzy  Web  service  discovery 
system  which  allows  Web  service  providers  and 
consumers to reach consensus on contents of services, 
even  though  they  have  different  opinions  and 
preferences.  In  addition,  an  imprecise  preference 
framework,  the  POPM  model,  is  developed  to 
discriminate  the  distinct  preference  degree  of  each 
consumer  agents,  and  find  the  relative  important 
criteria from a set of numerous alternatives. Finally, 
calculate the weighting from a minor set of service 
criteria based on group consensus using dominance 
set and nondominance set. 
The introduction of agent technologies  to the 
service discovery could facilitate the modeling of the 
behaviors  of  service  consumers  and  providers  in  a 
way that can be reasoned. As a result, the proposed 
method can improve precision in service discovery. 
We believed that this method is complementary 
to [14,23] as it introduces another dimension to the 
Web service discovery based on QoS. Research [6] on 
the web-based database have made great progress on 
the  query  techniques  and  categorizing  correlation 
among  databases,  but  the  consensus  issue  has  not C. L. Huang et al.: Applying Semi-Order Preference Model in Content-Based Service Discovery 
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been addressed. The proposed method could provide 
a valuable mechanism to increase their precision rate. 
From  the  experimental  result,  the  proposed 
system has demonstrated that it is an effective method 
in  Web  service  discovery.  However,  there  are  a 
number of lessons we have learned from these. It is a 
non-trivial task to collect and classify the information 
and represent them appropriately in fuzzy terms. So, 
collecting  the  information  from  various  airline 
websites  and  building  them  into  a  database  were 
conducted.  It  is  the  same  problem  with  collecting 
users’ preference and opinions. This leads to that the 
number of Web services created is relative small. This 
affects the output of preference weightings which did 
not  produce  the  great  differences  from  the  original 
one. The scalability issue will be tackled in the future. 
Since  the  fuzzy  majority  method  was  adopted  for 
reaching consensus, we assume that users will change 
their  opinions  and  preferences  in  line  with  the 
consensus. This is may not be the case when users 
have strong opinions and preferences. A negotiation 
system will be in place to resolve this issue. 
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